This paper presents a condition-based treatment methodology for a type of rail surface defect called "squat". 10
INTRODUCTION

27
During the recent years, a modal shift from road to rail has been promoted in Europe. The idea is to increase 28 the share of transport demand for mobility of people and freight. Reduce road traffic congestion, make 29 efficient use of the energy resources and tackle the major challenges of climate change. Major contributions 30 are needed in the optimal management of railway assets, evolving towards a more automated predictive 31 operation where functional assets are monitored. This includes all the important indicators such as 32 economical, safety and societal impacts, considering the perspective of both railway infrastructure manager 33 and users (Zoeteman 2001) . 34
35
A typical set of railway assets is shown in Figure 1 , and it includes the track, station, superstructure, sub-36 structure, communication, catenary, control room, signalling system, rolling stock, barrier, security and 37 surrounding. In order to monitor and properly maintain the railway assets, it is necessary to measure the 38 evolution of important health condition indicators over time, also called key performance indicators (KPIs), 39 for each of the critical assets. For example, in the Figure 1, general systems framework is proposed using a hierarchical structure of multicriteria maintenance 51 performance measurements. In Ahren and Parida (2009) , the same framework is applied to the case of 52 benchmarking railway infrastructures maintenance operations. Three different hierarchical levels are 53
proposed: strategic level for top management decisions, tactical level for middle management and functional 54 level for supervisors/operators. The general framework requires effective measurements of the health 55 condition of the assets considering that the different assets degrade with different rates due to the effect of 56 different exogenous sources. Particularly, the focus of this paper is to design robust and predictive fuzzy 57 performance indicators for health condition monitoring of railway tracks, considering a particular major type 58 of Rolling Contact Fatigue (RCF) called squat (see Li et al. 2015) . al. 2014, Li et al. 2015 ). An introduction of the ABA measuring system is described in ABA based health 123 condition monitoring in railways, including background of the ABA measurement system and its application 124 in rail condition monitoring based on ABA. 125 126 Figure 2 shows the flowchart of the proposed methodology divided in three steps. In Step 1, relying on ABA 127 measurements, the health condition of the track and severity are estimated. A list of defects is assumed to 128 be provided by the detection algorithm. In
Step 2, using interval fuzzy TS model, the growth of each detected 129 defect i is evaluated over time and different possible evolution scenarios are considered. Three models are 130 evaluated, with grinding, replacement and without maintenance. The idea is to see the consequences of the 131 maintenance operations on the detected squats for different scenarios over a prediction horizon. At the end, 132
in Step 3, a global fuzzy KPI is used to describe the condition at a track partition level, for a given travel 133 direction, left and right rails. The global fuzzy KPI at a partition, combines the effects of a vector of KPIs over 134 a prediction horizon, considering three most representative defect evolution scenarios. 135
136
The paper is divided as follows. In next section, the main elements of the ABA based detection methods are 137
presented. Next, fuzzy interval models for squats are presented for three cases: without maintenance, after 138 grinding and after replacement. After, different KPIs are defined at a track partition level in order to 139 aggregate the local dynamic behaviour of squats. Because of the number of scenarios and prediction horizon, 140 the fuzzy global KPI is proposed to facilitate decision making. Later, the numerical results and discussion are 141 There are different methods to diagnose the condition of rail defects, including ultrasonic measurements, 166 eddy current testing, image recognition and guided-wave based monitoring among other technologies. Each 167 of them has different advantages and disadvantages. In this paper, we need a technology capable to detect 168 defects in an early stage, thus we consider the use of ABA measurements (Li et al. 2008; Molodova et al. 169 Step 2
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Global robust and predictive fuzzy KPI reported that squats could be detected by analysing the frequency content of the ABA signals in the wavelet 171 power spectrum. In practice, the useful frequency band for early detection of squats ranges from 1000-2000 172
Hz and 200-400 Hz (Molodova et al. 2014 ). In the literature, it has been reported that ABA systems can be 173 employed to detect surface rail defects like corrugation, squats and welds in poor condition. The ABA system 174 offers the advantages of (1) having a lower cost than other types of detection methods, (2) it is easy to 175 maintain and (3) can be implemented in-service operational trains. Other significant advantages that ABA 176 offers over similar measurement systems are (4) the ability to detect small defects with the absence of 177 complicated instrumentation and (5) the ability to indicate the level of the dynamic contact force (Molodova 178 et al. 2015) . Please cite as: A. Jamshidi, A. Núñez, R. Dollevoet, and Z. Li, "Robust and predictive fuzzy key performance indicators for conditionbased treatment of squats in railway infrastructures". 
where S refers to a seed squat, A is a light squat (A squat), B is a moderate squat (B squat), C is a severe squat 195 (C squat) and RC is a squat with risk of derailment. The boundaries were defined based on general guidelines 196 to classify squats. In this study, the ABA measurements are used to develop a model for defect evolution. For each squat, the 206 related energy of the ABA is available using wavelet spectrum analysis and advanced signal processing 207
(1) Please cite as: A. Jamshidi, A. Núñez, R. Dollevoet, and Z. Li, "Robust and predictive fuzzy key performance indicators for conditionbased treatment of squats in railway infrastructures". 
a. MAINTENANCE ORIENTED MODELS FOR SQUATS
239
Typically, maintenance slots in the Dutch railway network are decided based on long and short term planning 240 for preventive and corrective maintenance respectively. In the long term, the contractor should inform asset 241 manager at least one year before cyclic grinding for using the equipment needed. In the short term, 242 normally, the maintenance is performed when the squats are in the last stage of growth (C squat). Thus, a 243 predictive approach by employing well designed KPIs should aim to improve both short and long term 244 planning, (1) keeping a good balance between costs and health condition of the track, (2) The experimental results show that each squat can grow with different rates. The estimation of squat lengths 248 can be affected by the subjectivity of the human error. For instance, one source of uncertainty comes from 249 the fact that visually only the rusty area of the defects is used to measure length, while the defect might be 250 longer. Fuzzy systems can work under subjective environments. In the proposed methodology, the design of 251 the global fuzzy KPI deals with the subjectivity. The definition of a low or a big number of defects will depend 252 on the subjectivity of the inframanager, and on how this information is incorporated for maintenance 253 decision making. In order to generalize this characteristic, fuzzy confidence intervals can be used to capture 254 the stochasticities of different scenarios for the squat growth. The upper bound of the interval represents a 255 worst case scenario, while the lower bound represents a slow rate grow scenario. In the fuzzy interval 256 approach, the average behaviour is given by a Takagi The general problem of interval defect evolution is as follows. Let's consider different defect growth 267
, and   u k the maintenance action at 268 time step k. The prediction model for the growth of a squat can be written as: 269 In this paper, three maintenance actions are considered,     ( Step 1: First, transform the vector , ( ) h j y t for each partition j, scenario h and instant t, into a single 397 KPI using a fuzzy expert system
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Step 2: Then, aggregate the single KPI over the set of scenarios and over the prediction horizon, for 399 each partition j. This results into a single global KPI for the current instant k, ( ) 
(16) Please cite as: A. Jamshidi, A. Núñez, R. Dollevoet, and Z. Li, "Robust and predictive fuzzy key performance indicators for conditionbased treatment of squats in railway infrastructures". Even though the Mamdani fuzzy system approach was proposed more than 40 years ago, it is still popular 404 because of its simplicity and interpretability (Camastra et al. 2015 ; Rezaei el al. 2015; Ozgur 2013). In this 405 case, 32 fuzzy if-then rules are generated. The aim is to assign membership degree to each KPI to represent 406 the contribution of each KPI in the rail health condition: 407 Also, to defuzzify, centre of gravity method is applied in order to obtain crisp value at the end. Furthermore, 411 relying on the fuzzy rules, interdependency of KPIs and Mamdani KPI are captured as shown in Figure 8 . In 412 this figure, it is presented how Mamdani KPI models the influence in the health of the track of two KPIs, 413 varying from fully healthy (equals to zero) to completely unhealthy (equals to one), while all the other KPIs 414 are assumed to be fully healthy (equals to zero). Four plots are presented. In Figure 8 (a), a higher value for 415 the BC density is much relevant than the contribution of the number of B squat. In Figure 8(b) , a high number 416 of C squats makes the most significant impact on the rail health condition. The rail condition will get highly 417 unhealthy with high values of either density of the BC squats or number of C squat. In Figure 8(c) , a high 418 number of RC squats will influence much strongly on the health condition than the number of A squats. In 419 the last plot, Figure 8(d) , a high number of A squats or B squats will not have strong influence in the short 420 term (the condition moves between the values 0.28 to 0.37). However, the number of B squats effects more 421 negatively the rail health condition than the number of A squats. In Figure 8 , appears the intuitive fact that 422 rail condition gets worse with the increasing number of squat from A, B, C to RC. Please data and validation data for the interval fuzzy TS model are selected randomly, using 60% of the data for 445 identification and 40% for validation (see Figure 9) . 446
To optimize number of clusters, models from two to ten clusters are tested. For each number of cluster, the 447 root mean square (RMS) of the prediction error is used to determine the best model. During the training, 448 tuning parameters of the confidence interval fuzzy model are considered the same for the lower and upper 449 fuzzy bounds. The idea is to obtain optimum parameter α, that results into a minimum number of data points 450 outside the band whereas the band is as narrow as possible. Figure 10 In reality, the variance of the worst case scenario is much larger than the best case scenario; thus the 455 assumption of a fixed α must be relaxed. Using full trajectories of different squats, ad-hoc Figure 13 shows the different KPIs squats number over four step-ahead prediction when no maintenance is 489 performed. All the cases are calculated for the scenarios slow (in blue), average (in yellow) and fast (in red). 490
In Figure 13(a) , the number of A squat tends to get reduced over time, as they are becoming B squats. In 491 performed, it can be seen from Figure 13 (c) that after t=12, huge number of C squats are in the track (worst 494 case scenario), which is a very expensive situation as the only solution will be to replace the rails. In Figure  495 13(d), it is possible to see the moment when operational risk locations start to appear, indicating that 496 maintenance should be done before the worst case scenario indicates their appearance. Figure 14a shows how potential risk squats will start to appear over time. Figure 14b shows the KPI related to 506 density of B and C squats. As seen in Figure 14a Please cite as: A. Jamshidi, A. Núñez, R. Dollevoet, and Z. Li, "Robust and predictive fuzzy key performance indicators for conditionbased treatment of squats in railway infrastructures". Three of those four locations were already detected at t=0 in Figure 14b , while all of them are already 509 present in the B-C squat density signal at t=6 for all the scenarios. It means that within the first 12 month, the 510 infrastructure manager is expected to take actions, to prevent risk of derailment. h1 h2 h3  h1 h2 h3  h1 h2 h3  h2 h3  t=0  t=6  t=12  t=18  t=24 h1 h2 h3 h1
Please cite as: A. Jamshidi, A. Núñez, R. Dollevoet, and Z. Li, "Robust and predictive fuzzy key performance indicators for conditionbased treatment of squats in railway infrastructures". condition, but to be fully efficient a combination of both grinding and replacement is necessary. After the 526 maintenance operations, the condition is in the average condition range, where the potential risk of 527 derailment is considerably lower during the prediction horizon. The following result allows the infrastructure 528 manager to decide how to manage the rail in the future at each track partition. As in the case of the absence 529 of maintenance operation, a cost of zero Euro with the clear consequence of the bad rail health condition. In 530 the case of the grinding effect and the replacement effect, the results can be applied as an effective factor 531 for cost analysis of the track maintenance plan. 
CONCLUSION AND FUTURE RESEARCH
537
In this paper a condition-based monitoring methodology is developed for a type of surface defect in the rail 538 called "squats". This methodology is employed to construct an interval-based TS fuzzy prediction modelling 539 in order to monitor the track condition over maintenance time horizon per track partition. 540
The idea of using fuzzy interval is to capture all the possible growth scenarios. Based on the interval fuzzy 541 models for squats, a condition-based methodology for railway tracks is proposed using different KPIs defined 542 Find published version at www.ascelibrary.org
This material may be downloaded for personal use only. Any other use requires prior permission of the American Society of Civil Engineers 30 in a track-partition level, allowing the grouping of defects located in a given track partition. In the 543 methodology, number and density of squats are considered over a prediction horizon under three different 544 scenarios, slow, average and fast growth. Then, to facilitate visualization of the rail health condition and to 545 ease the maintenance decision process, we propose a fuzzy global KPI based on fuzzy rules for each partition, 546 that combine the different KPIs over prediction horizon and scenarios. Hence, the proposed methodology 547 adds value by defining fuzzy global KPIs which are predictable over time to facilitate maintenance decision 548 making of the rail. As an example, the KPIs obtained are presented for the track Meppel-Leeuwarden. 549
As a further research, the study will be oriented into an optimization-based methodology to reduce life cycle 550 costs effectively and to fit the methodology much closely to the real-life maintenance operations. The use of 551 new predictive and robust KPIs defined for different parties will be considered, including infrastructure 552 manager, rolling stock manager, contractors and users. 
